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Objective: Articular cartilage (AC) exhibits speciﬁc zonal structure that follows the organization of
collagen network and concentration of tissue constituents. The aim of this study was to investigate the
potential of unsupervised clustering analysis applied to Fourier transform infrared (FTIR) micro-
spectroscopy to detect depth-dependent structural and compositional differences in intact AC.
Method: Seven rabbit and eight bovine intact patellae AC samples were imaged using FTIR micro-
spectroscopy and normalized raw spectra were clustered using the fuzzy C-means algorithm. Differences
in mean spectra of clusters were investigated by quantitative estimation of collagen and proteoglycan
(PG) contents, as well as by careful visual investigation of locations of spectral changes.
Results: Clustering revealed the typical layered structure of AC in both species. However, more distinct
clusters were found for rabbit samples, whereas bovine AC showed more complex layered structure. In
both species, clustering structure corresponded with that in polarized light microscopic (PLM) images;
however, some differences were also observed. Spectral differences between clusters were identiﬁed at
the same spectral locations for both species. Estimated PG/collagen ratio decreased signiﬁcantly from
superﬁcial to middle or deep zones, which might explain the difference in clustering results compared
to PLM.
Conclusion: FTIR microspectroscopy in combination with cluster analysis allows detailed examination of
spatial changes in AC. As far as we know, no previous single technique could reveal a layered structure of
AC without any a priori information.
 2012 Osteoarthritis Research Society International. Published by Elsevier Ltd. All rights reserved.Introduction
Articular cartilage (AC) plays an important role in reducing
friction and distributing loads across the joint surface. The typical
thickness of AC in humans is only a few millimeters (w0.5e6 mm)
and varies between anatomical locations1. It can be sub-divided
into three main histological zones based on the orientation of
collagen ﬁbrils, different shape of cells and biochemical composi-
tion of the extracellular matrix (ECM)2,3, i.e., superﬁcial zone (SZ),
middle zone (MZ) and deep zone (DZ) [Fig.1(A)]. The collagen ﬁbers
in the SZ are oriented parallel to the AC surface, which helps
cartilage to distribute the loads during mechanical loading4. The SZ
is the thinnest and has the lowest proteoglycan (PG) content. PGHanna Isaksson, Division of
nd, Sweden. Tel: 46-46-222-
ksson).
s Research Society International. Pcontent increases with depth in the cartilage and has the highest
value in the DZ. In the MZ collagen ﬁbrils are mostly randomly
organized, while in the DZ they are oriented perpendicular to the
AC surface. The size and activity of chondrocytes also varies with
depth from smaller size and relatively inactive in the SZ to clusters
of more active cells in the DZ2. This unique spatial distribution
deﬁnes the main functional properties of AC.
In the research of AC, it is important that the internal tissue
structure and composition can be spatially evaluated. The gold
standard for quantiﬁcation of AC composition is the biochemical
analysis, i.e., high-pressure liquid chromatography (HPLC) and
spectrophotometric measurements of selected dyes. However,
these methods are destructive in nature and do not normally
provide information on spatial distribution of the AC constituents.
In addition to composition, polarized light microscopy (PLM) is
frequently used to investigate the organization of collagen ﬁbril
network in different histological zones of AC. If different histolog-
ical zones are analyzed with those methods, the zone boundaries
are determined manually by studying the measured values inublished by Elsevier Ltd. All rights reserved.
Fig. 1. (A) A schematic representation of the articular cartilage structure (modiﬁed from43). The superﬁcial zone (SZ), middle zone (MZ), deep zone (DZ) and calciﬁed zone (CZ) of
the tissue are indicated; (B) A typical FTIR microspectroscopy spectrum of rabbit and bovine articular cartilage. Spectral peaks of interest are indicated (amide I, amide II, amide III
and proteoglycan). Spectra are scaled so that the maximum value of the amide I peak (1585e1720 cm-1) equals one; (C) Pre-processing steps. Bone spectra and outliers were
removed from the images using principal component analysis (PCA). The ﬁrst, most discriminative, PCA image was built based on the proteoglycan (968e1140 cm1) region of
infrared spectra and clustered using the fuzzy c-means algorithm. Pixels assigned to bone and outliers were removed. Integrated collagen absorbance images show the sample
before and after preprocessing.
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preselected thresholds are used in polarized infrared imaging to
separate the SZ, MZ, and DZ from each other4,7,8.
Another technique which provides rapid direct identiﬁcation
of structure and concentration of various biological molecular
components and their spatial distribution is Fourier transform
infrared (FTIR) microspectroscopy9e13. It measures an infrared
light absorption spectrum at each image pixel, thus, producing
a three-dimensional data cube with two spatial and one spectral
dimension13. FTIR microspectroscopy has been used to recognize
various diseases14, both in clinical diagnostics and in laboratory
studies15. This technique has been proven to be efﬁcient in
imaging the spatial distribution of two major solid components of
AC, i.e., collagen and PG, in healthy and diseased cartilage7,9,11,16,17.
Moreover, the sensitivity of FTIR microspectroscopy to the orien-
tation of collagen network in AC has been demonstrated when
polarized light is used9. These advances have made FTIR micro-
spectroscopy a powerful tool for the characterization of cartilage
properties. Due to a complex structure of infrared spectra, spectral
changes are subtle and, thus, analysis techniques using various
levels of simpliﬁcation have been used to interpret and classify
spectral data. Typically these analysis techniques have required
some a priori information, e.g., from the speciﬁc spectral areas to
be analyzed. However, nowadays there are several pattern recog-
nition methods available, which are able to identify and classify
acquired spectra without any prior information. In general, no
single technique is to our knowledge capable of simultaneously
differentiate AC histological zones and to reveal depth-dependent
properties of AC. Therefore, the potential of an unsupervised
cluster analysis method applied to infrared spectra of AC in per-
forming these tasks is investigated in this study. Being successful,
this may provide a valuable support for the evaluation of
compositional changes in AC.Univariate data analysis is often used in FTIR microspectroscopy
research of AC to calculate absolute or relative concentration
of collagen and PGs9,16. However, the speciﬁcity of the univariate
analysis is limited, especially in the SZ18e20. Therefore, it should
be used with an understanding of the limitations of the
technique11,19e21. While univariate analysis considers only one
variable at a time, multivariate techniques can process a larger part
of the spectrum. Several multivariate techniques which have been
applied to FTIR data of AC to assess the spatial distribution of
collagen and PG content seemed to improve the accuracy over
univariate methods20.
Cluster analysis is a multivariate technique which is useful for
identiﬁcation and differentiation of biological micro-organisms
such as bacteria22, normal13,21,23,24 and cancerous tissues10,25,26,
and other diseased tissues17. The advantage of fuzzy clustering
methods [like Fuzzy c-means clustering (FCM)27] over the “hard”
clustering approach is in their ability to obtain degrees of uncer-
tainty of samples belonging to each class. This feature of fuzzy
clustering makes it more reliable in studying biological tissue
samples, provided that the boundaries between features are not
sharp and careful investigation of continuously changing feature is
required27. Fuzzy clustering results applied to the Raman data
indicated additional features and revealed the continuous vari-
ability of AC components along the tissue21.
Since it is known that both the structure and composition of the
AC molecules affect the infrared absorption, we hypothesized that,
by combining the multivariate unsupervised FCM analysis with
FTIR microspectroscopy, the histological zones of AC can be deter-
mined without any a priori information. Thus, we presume that
spatial composition, structure, or their combination contribute to
the clustering results of intact AC. Finally, we aim to clarify the
relative contribution of organization of the collagen network and
depth-wise distribution of collagen and PG concentrations.
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Experimental design
Two separate sets of intact AC samples were investigated. The
ﬁrst set consisted of AC samples (4 mm diameter, 3 mm depth)
from the patellar grooves of 6-months-old New Zealand rabbits
(n¼ 7)28. The Institutional Animal Care and Use Committee of the
University of Kuopio approved the animal experiments (license
number 04e82). The second sample set consisted of bovine AC
samples (n¼ 8) was obtained from the local abattoir. The animals
were 1e3 years old, and the samples were taken from the lateral
upper quadrants of the patellae (13 mm diameter, length 2e3 cm)
from eight animals. This sample set originated from an earlier study
by Rieppo et al.6 It was used in the current study to investigate
clustering and the differences among species.
Both groups of samples were ﬁxed in 10% formalin, decalciﬁed
with ethylenediaminetetraacetic acid (EDTA), dehydrated and
embedded in parafﬁn as described earlier5,28. Parafﬁn was dis-
solved from all samples with xylene prior to the FTIR micro-
spectroscopy measurements.
(FTIR microspectroscopy)
Five-mm-thick sections of rabbit and bovine AC were mounted
on BaF2 and ZnSe glasses, respectively, for FTIR measurements.
Infrared transmittance spectra were acquired using a FTIR micro-
spectroscopy system (Perkin Elmer Spotlight 300, Perkin Elmer,
Shelton, CO, USA). The pixel size for measurements was set to
25 mm and the spectral resolution to 4 cm1. The numbers of
repeated scans were eight for the bovine samples and four for
the rabbit samples, and the measured spectral region was
4000e720 cm1. All measurements were conducted in 0% humidity
using CO2-free air to standardize the measurement conditions
(Parker Balston, Haverhill, MA, USA).
After testing thequalityof the spectra and removing thebone, the
spectralmap of each rabbit AC sample comprised 500e1000 spectra.
For bovine AC samples, a 400-mm-wide area was measured from
the cartilage surface to cartilage-bone junction using the same
setup. Typical FTIR spectra of rabbit and bovine AC are shown
in Fig. 1B.
Preprocessing of spectra
Spectral data were analyzed using custom-made code (Matlab,
v. 7.8., Mathworks, Inc., Natic, MA, USA). First, the spectra were
tested for spectral quality. Quality tests consisted of three separate
checks: removing of outliers using 3-sigma rule29; ensuring
that the signal-to-noise ratio (S/N) of each spectra was higher than
100; ensuring that the maximum absorbance in the region
1800e1600 cm1 was higher than 0.1. The last step was conducted
to eliminate spectra of low absorbance. Thereafter, spectra were
linearly baseline offset-corrected. Second, cartilage spectra were
corrected for scattering effects using Resonant Mie Scattering
(R-MieS) algorithm30. A reference spectrum for correction was
calculated as a global average spectrum of all samples (separately
for the rabbit and bovine sets). After R-MieS correction was per-
formed for raw images, spectra were normalized to the vector
length.
Subsequently, bone spectra were removed from images by
applying principal component analysis (PCA)15,31. PCA is based on
evaluation of a total variance in the data and projection of initial
variables to a new coordinate system of orthogonal principal
components (PCs). It is used for reduction of data dimensionality
and classiﬁcation in a new PC-based coordinate system. PCs aresorted in order of descending percentage of explained variance. The
ﬁrst PC is the most important one and accounts for most of the
variance in data. PCA was applied on each image using the spectral
region of 986e1140 cm1, which is known to indicate the carbo-
hydrate (PG) vibrations [Fig. 1(C)]. Gray-scaled projection PC image
was created for each sample based on the ﬁrst PC which was most
discriminative between cartilage and bone, and was clustered with
FCM clustering algorithm using two clusters (represented AC and
bone). Pixels which were assigned to bone tissue and pixels of the
AC cluster located in the bone area were removed. After removal of
the bone, the R-MieS correction was performed again on the raw
spectra with the new reference spectra, containing only cartilage
data. Finally, spectra were normalized to the vector length prior to
clustering.
Several spectral regionswere investigated in this study: complete
amide region (1200e1720 cm1, referred as A), amide I region
(1585e1720 cm1, referred as AI), amide II region (1510e1584 cm1,
referred as AII), and proteoglycan region (968e1140 cm1, referred
as PG). When the complete amide region was used, the spectral
region of 1300e1490 cm1 was excluded due to possible over-
lapping with the remaining spectra from the embedding medium25.Clustering analysis
FCM algorithm has been explained in detail in our previous
study27. Shortly, FCMmakes a partition of data set into a predeﬁned
number of clusters so that all data points belonging to a cluster have
similar characteristics. Fuzzy clustering criterion, in contrast to
“hard” clustering, allows each object to belong simultaneously to
multiple clusters. The class membership function (matrix) unk, is
computed, where n is the number of objects and k is the number of
clusters. Each objects’ memberships in all clusters sum to 1:
P
k
unk ¼ 1 and nomembership values are negative: unk˛[0,1].With
FCM, the centroid of a cluster is computed as the mean of all points
in the cluster, weighted by their degree of belonging to the cluster.
The number of clustering maps produced by the algorithm is
equal to the number of clusters. Within a map each point marked
with a false color corresponding to the membership degree of
belonging to this particular cluster. “Hard” clustering maps were
calculated from the combination of fuzzy-maps, by assigning each
pixel of the fuzzy version to the cluster with the maximum
membership degree value.
The two sample sets (rabbits and bovine AC) were analyzed
independently. FCM clustering was performed on normalized raw
FTIR microspectroscopy images pixel-by-pixel. Three clusters were
obtained for each spectral region (A, AI, AII and PG), supposed to
represent three main histological zones of AC (SZ, MZ and DZ),
within each sample. Maximum number of iterations and number of
repetitions of FCM were set to 1000 and 100 respectively. Clus-
tering data analysis was performed using custom-made functions
in Matlab 7.8 (Mathworks, Inc., Natic, MA, USA).
Qualitative differences between clusters were analyzed using
raw average spectra of clusters. The second derivatives were
calculated using the SavitzkyeGolayalgorithmwithnine smoothing
points32 and used to enhance resolution and locate the differences
in the positions of the peaks13.Quantitative analysis
Quantitative parameters were calculated from the baseline
corrected raw spectra for each cluster constructed based on the
amide region9. Collagen content was estimated as the averaged
integrated absorbance of the AI and AII peaks and PG content from
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were calculated for each cluster.
Statistical analysis
Statistical differences between the quantitative parameter values
of neighboring clusters were tested using the non-parametric
ManneWhitney U test (SPSS 11.5 software, SPSS Inc., Chicago, IL,
USA). Medians and conﬁdence interval of 95% are used for data
presentation.
Reference images: histology and PLM
AC sections from rabbits were stained with toluidine blue6,33
and bovine AC sections were stained with safranin O33,34. PLM
images for rabbit and bovine samples were acquired with a polar-
ized light microscope. The methods and results have been pub-
lished in detail elsewhere5,6,35, and were only used for qualitative
comparison in the current study.
Results
Cluster analysis
The layered structure of the characteristic AC sample, which is
not clearly shown by the absorbance images or in the toluidine blue
stained section, is revealed by the clustering (Fig. 2). Similar results
were obtained for the bovine samples using FCM clustering (Fig. 3).
However, for bovine samples the same cluster in the SZ also
appeared as a layer in the deeper cartilage, producing more varia-
tion in the clustering structure.
Fuzzy clustering maps are of interest when studying the
underlying properties of clusters (Fig. 4). They showed that all
points in the individual zones of rabbit AC [Fig. 4(A)] had almost the
maximum membership values to their clusters and almost zeroFig. 2. Fuzzy C-means clustering results for one rabbit sample based on the (A) amide and (B
false-color clustering maps and mean spectra for each cluster are shown for each spectralassociation with other clusters. Whereas points in the SZ of bovine
AC [Fig. 4(B)] showed no strong association with a speciﬁc cluster,
and were instead associated almost half with two clusters. In
general for all samples in both groups, clustering using the amide
region produced more distinct results than those using the PG
region. Since clustering based on the entire amide region, and AI or
AII separately produced very similar results (data not shown), only
the amide region is presented further.
Spectral differences between the clusters were investigated using
the average spectra of clusters (Fig. 5). The wavelengths where the
major differences were found after careful visual investigation are
indicated in the graphs. Themajor infrared peaks for ACwere found in
all samples (Table I), regardlessof species, althoughminornon-regular
shifts (2e4 cm1)were observed fromcluster to cluster and sample to
sample. Otherminor peaks appeared only in few samples (1260,1566,
1576e1578, 1674e1678 cm1). A shift of the AI peak position in both
directions (around 1662 cm1) was observed between three clusters.
The shiftwasgreater in thebovine samples, varying in locationaround
1666e1669 cm1 inSZ cluster,1660e1662 cm1 in theMZcluster and
1662e1664 cm1 in the DZ cluster.
Moreover, although the location of AI, AII and amide III (AIII)
peaks changed almost randomly, we identiﬁed differences in the
shapes of the peaks’ shoulders after careful visual examination. In
general in rabbit samples, AIII peak of SZ cluster was the narrowest;
the right shoulders of AI and AII peaks in SZ cluster were broader
than those of MZ and DZ clusters; the left shoulder of AII peak was
the narrowed in the SZ cluster. However, in bovine samples only
AII peak changed in SZ cluster, where the left and right shoulders
were broader and narrower than those of MZ and DZ clusters,
respectively.
Quantitative analysis
The areas under AI, AII, PG peak regions and the PG/AI ratio were
calculated for each cluster by averaging values of all pixels in the) proteoglycan (PG) spectral regions. The integrated absorbance images, corresponding
region. The toluidine blue stained histological image is shown as a reference.
Fig. 3. Fuzzy C-means clustering results for one bovine sample based on the (A) amide and (B) proteoglycan (PG) spectral regions. The integrated absorbance images, corresponding
false-color clustering maps and mean spectra for each cluster are shown for each spectral region. The safranin O stained histological image is shown as a reference.
Fig. 4. Fuzzy clustering maps of a (A) rabbit and (B) bovine samples, obtained using the
amide spectral region. Degrees of membership for each pixel to each of the three
clusters are given, and gradual transition between clusters is revealed. The “hard”
clustering map was calculated based on fuzzy map, so each pixel is assigned to the
cluster with the maximum membership value.
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signiﬁcantly from SZ to MZ, as well as from SZ to DZ. None of the
parameters were found different between MZ and DZ.
Comparison with reference techniques
The clustering results were compared qualitatively with the
histological stained images and the PLM parallelism index images
(Fig. 7). Clear similar features were found, including three distinct
layers visible in both PLM and clustering images of the rabbit
sample, while extra lamina is highlighted both by PLM and clus-
tering in the bovine sample. However, the thickness of layers and
location of their boundaries between PLM images and cluster
images do not match exactly.
Discussion
In the present study, the infrared spectra from intact rabbit and
bovine AC samples were analyzed using FCM. Clustering results
were examined both quantitatively and qualitatively. Three distinct
layers were demonstrated in rabbit samples, whereas somewhat
more complex clustering structure (four layers) was found in
bovine samples. Moreover, amide region provided more clearly
layered clustering results compared to the PG region of infrared
spectra. Signiﬁcant differences were found in the PG/AI ratio
between the superﬁcial and middle or deep clusters. Subtle
changes in the location and shape of infrared spectra of clusters
were also observed.
We originally hypothesized that by using unsupervised FCM
analysis the histological zones of AC, i.e., SZ, MZ, and DZ, can be
determined without any a priori information. Our results qualita-
tively demonstrated some correspondence of basic zonal structure
in intact rabbit and bovine AC between FTIR microspectroscopy
cluster images and PLM images that were used as a reference
Fig. 5. Mean normalize raw spectra of clusters of (A) rabbit and (B) bovine samples. Magniﬁed images show shape differences in spectra on AI and AII regions. Spectral differences
between clusters are enhanced by the corresponding second derivative spectra for (C) rabbit and (D) bovine samples.
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of the histological zones in AC4,7,8. Based on PLM images, the SZ in
rabbits is thin (approximately 8e10% of the full depth), while the
DZ accounts for most of the AC depth (79e80%) [Fig. 7(C)]. The
depth-wise structure was more complex in bovine AC, by having an
extra lamina in the DZ [Fig. 7(D)]. The collagen ﬁbers changed their
alignment in that zone, while the collagen content remained
unchanged. The similar basic pattern as in the cluster maps of
bovine samples was observed in several previous studies of bovine
AC6,36,37 and other38 samples [Fig. 3(A)]. However, clustering results
still do not exactlymatch the zones in PLM images. For instance, the
DZ in the cluster maps is thinner than that with PLM. This indicates
that no or not only collagen ﬁbril orientation affects the IR clus-
tering results.
From the compositional point of view we found signiﬁcant
differences in the estimated ratio of PG to collagen (which has
correlated signiﬁcantly with the PG composition in AC16) between
SZ and MZ or SZ and DZ clusters. Thus, it can be speculated that
compositional changes have a major contribution to the clusteringTable I
Characteristic assignment of infrared bands.
Frequency
(cm1)
Band
assignment
Description
1030 PG CeO stretching vibrati
in collagen and PGs24
1062
1080
1202 AIII CH2 wagging vibration
and proline sidechain2
1228e1230 SO3- asymmetric stretc
of sulfated GAGs44/CN
1514 AII CeN stretching/NeH b
stretching of collagens
1548e1550
1638e1644 AI C]O stretching9,24,41
1660e1668
1692results between SZ and other zones. This also implicates that the
relative composition between MZ and DZ is probably quite similar.
However, Muir39 has discovered signiﬁcant amounts of the non-
sulfated glycoproteins in the DZ, which can in principle affect the
clustering between this and MZ. Although their contribution to the
composition of AC is small, they may be detected with sensitive
FCM. It has also been recently reported that non-sulfated glyco-
proteins might also be detectible from sulfated glycoproteins with
second derivative FTIR microspectroscopy40. Therefore, composi-
tional changes possibly play a role in clustering between MZ and
DZ, although this issue remains speculative. Current results, taken
together with the fact that we used no polarized light in our
experiments, support the idea that FTIR microspectroscopy
combined with unsupervised cluster analysis is able to determine
different layers in AC. Obtained layers differ from PLM-based zones,
which is most probably explained by the differing relative
compositional changes from that of collagen organizational
changes. FTIR microspectroscopy can therefore offer complemen-
tary information on the different histological zones in intact AC.ons of the carbohydrate residues
SO3 symmetric stretching
vibration of sulfated GAGs44
from the glycine backbone
4,42
hing vibration
stretching/NH bending41
ending/CeC
9,24,41
b-sheet41,42
310 Helix42/b-Turn41
b-sheet41,42
Fig. 7. (A, B) Histological sections and corresponding (C, D) parallelism index of collagen ﬁ
bovine samples6,28. The arrow indicates an extra lamina in the bovine sample. Parallelism in
orientation of ﬁbers inside one particular pixel. (E) The magniﬁed image displays the histolo
bovine samples show good correspondence between clustering and PLM images.
Fig. 6. (A) Average integrated peak areas of AI, AII, proteoglycan (PG) and (B) average
PG/AI and AI/AII ratios, for each of the three clusters. The data is shown as medians
with 95% conﬁdence interval of from all the seven rabbit AC samples. Signiﬁcant
differences based on the ManneWhitney U test are indicated.
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tive differences in mean spectra of clusters, such as absorption peak
shifts or changes in the shape of spectra17,23,27. Also in this study, by
studying the minima peaks in the second derivative spectra,
derived from the mean spectra of each cluster (correlated with the
maxima peaks in the original raw spectra), spectral peaks where
main differences in locations and shape occur were identiﬁed
(Fig. 5; Table I). Differences in the spectral shape between the SZ
cluster and other clusters could indicate changes in the relative
contribution of proteins, PG and other AC components to the amide
region of the infrared spectra. Then, such contribution of collagen
and PG vibrations to the amide region of infrared spectra was
sufﬁcient for revealing a clear layered structure in the AC with
sensitive clustering technique.
In order to investigate the possibility of unsupervised cluster
analysis to reveal more complicated AC layering structure than
currently understood, different numbers of clusters (2e6) were
tested using mean squared error analysis (data not shown)27. In
general, three to four clusters were found to be the best choices for
both sample sets. However, use of four clusters provided no
signiﬁcant additional information on the AC structure, i.e., the
clustering outcome was merely random with more clusters. Thus,
three clusters were used for ﬁnal analysis.
Clustering analysis of AC spectra has scarcely been performed. An
earlier study has applied clustering on the second derivative infrared
spectra of AC to analyze AC cross sections17. The method was able to
reveal the major changes in chemical composition, explained by
a shift in the AI peak to lower wavenumbers. This was consistent
with collagen denaturation (antibody-induced damage), which wasbers calculated from polarized light microscopy (PLM) images for one rabbit and one
dex6 of 1 corresponds to completely parallel and 0 corresponds to completely random
gical zones of articular cartilage determined by PLM. (F, G) FCM maps of the rabbit and
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1600 cm1 to higherwavenumbers of 1666e1668 cm1 in SZ cluster
of bovine samples. This cluster also appeared deeper in the MZ/DZ.
The band near 1660 cm1 is sensitive to the helicoidal arrangement
of proteins41,42. Thus, the shift of this band could reﬂect changes in
the collagen quality (renaturation) and organization.
In another study, a combination of hierarchical and fuzzy clus-
tering techniques was applied on Raman spectra of AC21. Together
they were able to differentiate cells and ECM, and to detect varia-
tions in different region of ECM. Furthermore, fuzzy clustering
highlighted the inhomogeneity of the ECM and improved descrip-
tion of its continuous variation. The same principles of fuzzy clus-
tering were shown useful in our previous study of the organic and
inorganic matrices in maturing cortical bone27. In that study, we
showed that this method can better handle situations when the
spectrum from one pixel does not completely match a particular
constituent or maturation stage and do not belong exclusively to
one individual cluster. In the current study, we used this property to
study composition and structure of intact AC, which continuously
vary with depth. FCM revealed less clear clustering in the PG region
of infrared spectra compared to the amide region. This could not be
seen from the “hard” clustering maps, but were clearly shown by
the fuzzy-maps (results not shown). Less or even no distinct clus-
ters were found by using PG region, which was quite predictable
due to the greater contribution of the collagen to the Amide region
of infrared spectra, than to the PG region. Moreover, FCM is unsu-
pervised, and thus, almost excludes human impact and saves time.
All analysis in this study was performed using a custom made
Matlab code. However, one can also use features of, e.g., commer-
cial CytoSpec or iSys spectral imaging software to conduct similar
analysis as presented in this paper. The built-in Matlab functions
with small enhancement could also be used, as well as some soft-
ware packages like “Essential FTIR” with possibilities to create add-
on scripts on built-in functions.
In general, the use of FTIR microspectroscopy in combination
with unsupervised cluster analysis allows examining depth-
dependent changes within the AC and reveals a layered structure
of this tissue. This was an encouraging outcome because to best of
our knowledge no earlier technique has been able to achieve
similar results. The ability of FTIR microspectroscopy to monitor
composition and structure of biological tissues, in addition with
sensitivity of the multivariate techniques, such as clustering, to the
subtle spectral changes, is very useful in assessment of the depth-
dependent properties of AC. The potential of combined use of
both techniques could be further tested by using the degenerated
or repaired cartilage tissue to evaluate their performance in
discriminating between intact and diseased or intact and repair
sites. Being successful, this could bring a valuable support to the
biological applications.
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